Conformational changes can dramatically alter a protein's function by changing the surfaces that are accessible to interact with binding partners. However, it is often difficult to hone in on the most relevant conformational changes from the cartesian coordinates of atoms on the protein's surface. Instead, we describe a protein's surface in terms of groups of residues that undergo cooperative changes in their solvent exposure. We term these groups exposons. We demonstrate that Markov state models (MSMs) elegantly identify the conformational transitions that give rise to an exposon, enabling users to rapidly find the most interesting conformational changes in their system. For example, this approach readily identifies previously-known cryptic allosteric sites and other functionally-relevant conformational transitions. Moreover, it predicts a cryptic allosteric site in an important target for combating antibiotic resistance that lacks known cryptic pockets. Experimental tests confirm that targeting this site reduces catalytic efficiency 15-fold.
Introduction
Proteins are dynamic molecules that can undergo conformational changes to a broad spectrum of different excited states. A growing body of evidence suggests that reweighting the relative populations of these different structural states by post-translational modification, protein-protein interaction, or the addition of a ligand is a common regulatory mechanism in biological systems. 1 Manipulating these conformational equilibria presents powerful opportunities for drug design, including by the design of small-molecule modulators of protein-protein interfaces 2 or cryptic pockets that open when a protein fluctuates to an excited state can exert allosteric control over distant functional sites ( Fig. 1a and 1b ). Identifying these cryptic sites could offer new druggable sites on established drug targets, provide a means to inhibit proteins that are currently considered undruggable, or enable the enhancement of desirable activities. 3, 4 Raltegravir, for example, is a first-line treatment for HIV infection 5 that inhibits HIV integrase by binding a cryptic pocket. However, the population of a given excited state is often too low to detect experimentally unless a binding partner that stabilizes it is present. Therefore, a systematic means to identify functionally- 48 of unliganded TEM-1 β-lactamase. For reference, the alpha helical domain is shown in white and the beta sheet domain is shown in dark grey. The catalytic serine is shown in gold spheres. b) A comparison of the crystal structure 1PZO 18 (blue) including the inhibitor CBT (yellow) to the open structure for the relevant exposon (green) extracted from our MSM. c) An embedding of the graph derived from the mutual information matrix. Each color denotes a specific exposon. For readability, edges with low mutual information or low normalized mutual information are filtered out. d) The location of exposons superimposed on the unliganded structure of TEM-1. Residues with high total information (sum of the MI matrix row) are shown in spheres. Colors match Fig 1c. e) Synthetic labeling traces showing the fraction of equilibrium population that has never exposed over time in our MSM (solid lines) along with fits to a single decaying exponential (dashed lines) for key residues. relevant conformational transitions to excited states in the absence of stabilizing interactions could provide many biological insights and new therapeutic opportunities.
Computer simulations are a promising means to identify functionally-relevant conformational changes, including fluctuations to excited states with cryptic pockets, 6, 7 but they have historically faced severe limitations. Indeed, the design of raltegravir was based on simulations that revealed the cryptic trench where the drug binds. 8 However, the difficulty of simulating rare events, such as the opening of many cryptic pockets, has hampered the routine discovery of functionally-relevant conformational changes. Moreover, even when simulations can access the relevant timescales, it is often unclear how to analyze the data to extract the most useful information. For example, the leading pocket detection algorithms over the past two decades have defined pockets as concave openings on the surface of a protein. 7, 9, 10 This approach is intuitive and logical, especially for the original application of analyzing individual crystal structures. However, applying them to trajectories requires numerous subjective choices. Examples include determining if openings in different structures are the same pocket 10 and deciding whether two openings separated by a thin channel constitute one or two pockets. As a result, these algorithms often miss valuable features, including cryptic extensions of enzyme active sites, which may be extremely useful for drug design. Similar difficulties arise when searching for other types of conformational changes-although it must be noted that substantial progress has been made in recent years in developing tools that leverage clustering algorithms 10 or dynamical information 11, 12 to address this challenge with increasing levels of sophistication.
Here, we reasoned that conformational changes that dramatically alter the surfaces available to interact with different binding partners are likely to be functionally-relevant. To identify these conformational changes, we characterize a protein's surface in terms of groups of residues that undergo cooperative changes in their solvent exposure. We call these sets of residues exposons. In the case of cryptic pockets, exposons arise because pocket opening concomitantly increases the solvent exposure of surrounding residues while closing a pocket simultaneously reduces their exposure. Focusing on exposons greatly increases the efficiency and robustness of pocket identification. For example, there is rarely a need to adjust parameters, so new pockets can be identified quickly with next to no manual intervention. Because exposons exist in sequence space, the results are insensitive to structural alignments and can be easily compared with experimental techniques that provide a read-out at the primary structural level, like hydrogen-deuterium exchange or side-chain labeling experiments. Exposons also identify features that are often missed by alternative methods, such as cryptic extensions to enzyme active sites.
To demonstrate the value of this new perspective on characterizing proteins' surface chemistry, we present an integrative method that combines simulations and experiments to identify cryptic allosteric sites. First, we use Markov state models (MSMs) 13 to model a protein's conformational heterogeneity. MSMs allow us to capture slow conformational changes by integrating many independent simulations into a map of a protein's conformational space consisting of a set of structural states and the probabilities of hopping between them. 14, 15 We then use these models to identify exposons and the structural fluctuations that create them. Finally, we test our predictions by using our models to design thiol labeling experiments, which we conduct using a stopped-flow instrument to ensure access to the relevant timescales.
We demonstrate the utility of this approach for identifying cryptic allosteric sites by applying it to two homologous β-lactamase enzymes, TEM-1 and CTX-M-9. TEM-1 and CTX-M-9 are of great medical importance because bacterial expression of βlactamases is one of the most common sources of antibiotic resistance. 16 In the United States alone, over 2 million people contract antibiotic-resistant infections every year, resulting in tens of thousands of deaths and billions of dollars in healthcare costs. 17 Frighteningly, resistance is on the rise, and there are few new antibiotics in the development pipeline, because many pharmaceutical companies are abandoning antibiotic development. 18 Therefore, there is a great need for novel antibiotic strategies to avoid a post-antibiotic era in which routine infections are life-threatening events. 19 Besides their medical relevance, we chose these systems because TEM has known cryptic pockets to test our approach on 20-22 while CTX-M-9 presents a new challenge, as it has no known cryptic pockets.
To demonstrate the broad applicability of our approach, we also present evidence that our methodology detects other functionally-relevant conformational changes in the Ebola virus' nucleoprotein (NP). Ebola is an RNA virus responsible for a severe hemorrhagic fever with high case-fatality rates. 23 NP coats the viral genome to protect it from the host, but must release it for transcription of the viral genome to occur. Recent work suggests conformational dynamics controls NP's RNA-binding affinity, presenting a potential target for pharmacotherapy. 24 
Results
Exposons identify known cryptic pockets. To identify exposons, we first featurize each conformation in a set of simulations by expressing each of these data points as a binary vector with each element representing whether or not a sidechain is exposed. Extending previous work, 22 sidechains are classified as exposed if their SASA to a drug-sized probe exceeds 2 Å 2 . We quantify the correlations between the solvent exposure of each pair of residues by calculating the mutual information (MI) between them. Mutual information-defined in Eq 1 of Methods-is a non-linear measure of the correlation between two random variables that has been previously used in studies of protein allostery. 25, 26 The matrix of all pairwise mutual informations is sparse ( Fig S1-S3 ) and can be represented as a graph (Fig 1c) . Finally, we cluster this MI matrix using affinity propagation. 27 The resulting clusters are termed exposons.
In support of the validity of our approach, we identify exposons corresponding to known cryptic pockets in TEM-1 β-lactamase (Fig 1d) . For example, the pale blue exposon corresponds to the binding site of a known allosteric ligand. 20 The orange exposon corresponds to a second cryptic pocket we previously discovered. 22 MSMs identify the motions that give rise to exposons. An MSM's top eigenmodes capture how much each conformational state participates in the slowest motions observed in a simulation, so we reasoned that they would provide a facile means to identify the dominant open form of each exposon. To identify which eigenmode reports on a particular exposon, we first compute the degree to which changes in an exposon's solvent accessible surface area (SASA) are correlated with each eigenmotion ( Fig S4) in an approach similar to dynamical fingerprinting. 28 We choose the eigenmode that maximizes this correlation and extract its extreme structures for visual examination (Fig 1b, green) .
To test that our strategy for extracting high-population, realistic configurations for open exposon conformations is reasonable, we compared the known cryptic pocket's ligand-bound crystal structure 20 to the open state for that exposon. We find that the configuration identified by this approach is even more open than the bound crystal structure (Fig 1b) , consistent with previous evidence that the pocket opens even further in solution than is seen in the crystal structure. 21 Examining structures along the highest flux pathway 29 to the open conformation reveals structures that are more similar to the ligand-bound crystal structure ( Fig S5) .
MSMs retrodict trends in thiol labeling rates. We leverage our model's residue-level predictions to choose a small number of specific positions to test with our thiol labeling technique, which we have improved upon from previous work 22 by the use of a stopped-flow instrument. Our thiol labeling assay uses a drug-sized labeling reagent, DTNB (Ellman's reagent) that changes absorbance upon covalently reacting with solvent-exposed cysteines. Thus, it provides a time-resolved measurement of residuelevel solvent exposure with millisecond resolution. To make the comparison between our MSM and our thiol labeling experiment, we also developed a 'synthetic labeling' calculation. Synthetic labeling gives, as a function of time, the fraction of the population that is exposing the relevant sidechain to solvent for the first time. This is analogous to the way absorbance reports the amount of protein first exposing to the thiol label over time in thiol labeling experiments.
We find that synthetic labeling consistently discriminates pocket and non-pocket residues, matching in vitro results. As predicted, residues that remain buried in our experiments (L190, I260) do not show synthetic labeling, a surface control (A150) labels immediately in both our experiments and synthetic labeling, and experimentallyconfirmed pocket residues (S203, A232, L286) label at intermediate rates in our model (Fig 1e) . Furthermore, amongst residues that label at an intermediate rate, residues that label faster in vitro also label faster in silico. The main discrepancy between our synthetic and experimental labeling occurs at S249, which labels in vitro but not in silico, likely because finite sampling prevented us from ever observing an exposed state for this residue. Our predicted rates are also substantially faster than the in vitro results. This discrepancy is partly due to the fact that only a sub-population of open structures will have an appropriate geometry for covalently reacting with our labeling reagent. Systematic force field errors may also contribute. Regardless, the ability to predict these trends and distinguish pockets from non-pockets is a strong testament to the predictive power of our models.
Exposons identify other functionally-relevant conformational transitions at protein surfaces. To demonstrate that exposons are valuable for a broad range of applications, we applied our analysis pipeline to the NP protein from Ebola, which has no homology to β-lactamase whatsoever. In Figure 2a , we identified an exposon (pink) that, unlike the cryptic allosteric sites identified above, does not consist of a contiguous group of residues in the available x-ray structure. 30 As shown in Figure 2b , this exposon reports not on a cooperative opening motion, but on a collective curling of the terminal helices into the RNA-binding cleft. This motion was recently identified as important for controlling NP's RNA-binding affinity. 24 Crucially, this dynamic process is consistent with hydrogen-deuterium exchange data that cannot be accounted for using available cryoelectron microscopy structures. 24 Manipulating this conformational equilibria with small molecules or peptides could provide a powerful means to inhibit Ebola. Indeed, a peptide that binds this interface has already been found to inhibit viral replication. 24, 30 Discovery of a novel cryptic allosteric site in TEM-1. To demonstrate our method's predictive power, we evaluated whether other exposons could reveal novel cryptic pockets in TEM-1. One novel exposon (Fig. 1d, beige) was particularly appealing because it is in the vicinity of the Ω-loop, a structural element containing residues absolutely required for enzymatic activity. 31 Therefore, we expect a small molecule that binds this pocket and displaces the Ω-loop would be a potent inhibitor while a drug that stabilizes the closed conformation would increase activity. The formation of a cryptic pocket is also consistent with work from our lab demonstrating that the Ω-loop has significant conformational heterogeneity. 32 In our previous work, we were unable to detect this pocket because it frequently forms a channel-like connection with the active site, causing it to be spuriously combined with the active site pocket by pocket clustering methods. 21, 22 Our MSM revealed that S243 is significantly exposed by the opening of this pocket ( Fig  3a) . The open form also appears well-structured and druggable. This conclusion is supported by quantitative druggability scores from fpocket 33 (Fig S6) . Together, these results prompted us to experimentally characterize the labeling of the S243C variant. Consistent with our prediction, the introduced cysteine labels at an intermediate rate that cannot be explained by protein unfolding (Fig 3b) . This rate also clearly differs from the labeling rates of deeply-buried residues, which label on the order of hours, and surface residues, which label in less than seconds for this protein. 22 Then, to model the allosteric effect of a putative drug binding at this site, we assay the catalytic function of the labeled enzyme. The TNB covalently attached to the sidechain of residue 243 during the labeling reaction prevents complete closure of the pocket, much like a drug might, giving rise to a 3.75-fold increase in catalytic efficiency, driven primarily by a ~4fold decrease in Km (Fig. S7 , Table S1 ). However, because of TNB's hydrophilicity and small size, the effect measured in this state may be less than the effect of a true drug. This is consistent with recent evidence suggesting that discovering allosteric activators may be easier than one might assume. 34 We are especially heartened that this method is able to identify a new cryptic allosteric site even in TEM-1, which is a protein that has been studied for multiple years by many groups, including specifically by our group for the purpose of locating these sites. The discovery of this new cryptic site strengthens a) The pocket opening motion for the S243 pocket (left buried, right exposed) as determined by the MSM eigenmode maximally correlating with S243 SASA changes. To highlight the change in packing, residues within 7Å are shown in spheres. S243 is shown in pink, and other residues within the exposon are colored beige (matching Fig 1d) . Residues in the exposon but outside the 7Å radius are shown in sticks. b) TEM-1 S243C labeling (solid circles) fit to the EX2 model (solid line) is much faster than can be accounted for by unfolded enzyme alone (dashed line). Error bars were on the order of 10 -4 and are not included for visual clarity.
our argument that the paucity of previously-identified cryptic allosteric pockets may stem from technical limitations in locating them rather than a low prevalence.
Discovery of the first known cryptic pocket in CTX-M.
As a more stringent test of the predictive power of our approach, we applied our method to CTX-M-9 βlactamase. This enzyme has less than 40% sequence identity with the TEM-1 variant of the protein and lacks previously known cryptic pockets. Fortuitously, CTX-M-9 contains a native cysteine at position 69 that is buried in available x-ray structures but participates in an exposon and is therefore expected to label (Figs 4a and 4b) .
Consequently, applying thiol labeling does not require the introduction of a mutation, so we can directly test our model's prediction without any concern that a mutation created a pocket where none existed before. To test our prediction, we measured the solvent exposure kinetics of C69 with our thiol labeling assay and found that, consistent with the in silico prediction, it participates in a cryptic pocket. We find that C69's rate of labeling is inconsistent with the global unfolding process (Fig 4c) and is much faster than the labeling rate of deeply-buried residues. In contrast, S123C, a position that is buried in crystal structures of CTX-M-9, 35 showed only limited labeling during a three-hour reaction, implying a labeling rate consistent with labeling due exclusively to the global unfolding process. As with TEM-1, we once again tested the allosteric activity of our proposed allosteric site by measuring the kinetic function of the C69-labeled enzyme. We found an approximately 15-fold reduction in the catalytic efficiency ( Fig S7) . This is the first cryptic pocket to be identified in CTX-M-9. By comparison, this same assay applied to previously-identified cryptic pockets in TEM-1 showed less than a threefold change in activity. 22 The pocket in CTX-M also appears to be well-structured (Fig 4b) , as opposed to disordered, making it a viable drug target. Taken together, this newly-predicted pocket is the most attractive cryptic drug target found to date in either TEM or CTX-M-9.
Discussion
We have demonstrated that exposons provide a powerful conceptual framework for identifying cryptic allosteric sites and other functionally-relevant conformational motions. Exposons retrodict known cryptic pockets, retrospectively identify important surface rearrangements, and predict new pockets in two enzymes that confer bacteria with antibiotic resistance. Our previous methods based on traditional pocket detection tools failed to detect the new allosteric sites we present here. Importantly, we are unaware of any evidence for cryptic pockets in CTX-M-9 prior to our work. Our integrated computational and experimental approach reveals that novel cryptic pockets predicted with exposons have more influence over enzymatic activity than previously identified pockets and can induce both inhibition and activation of enzymatic function. Therefore, these newly predicted sites are valuable targets for designing drugs that could be used to restore the efficacy of existing antibiotics. More generally, we expect our methodology to serve as a powerful first step for a drug development pipeline targeting cryptic sites. Finally, because many proteins' most biologically interesting behaviors involve their surface chemistry, we expect that exposons will also prove useful for dissecting other types of functionally relevant conformational changes.
Methods

Molecular dynamics simulations
As described previously, 21 simulations were run at 300 K with the GROMACS software package 36 using the Amber03 force field 37 and TIP3P 38 explicit solvent, deployed on the Folding@home distributed computing platform 39 for β-lactamase and deployed on a local cluster for NP. In aggregate, we ran 90.5 μs of simulation for TEM-1 with the M182T substitution, 76.0 μs of simulation for CTX-M-9, and 28.0 μs of simulation for NP.
Assignment of residues to exposons
Each residue is assigned to at most one exposon. First, we compute the solvent accessibility to a drug-sized probe using the Shrake-Rupley 40 algorithm, as implemented in MDTraj. 41 Although the size of the spherical probe is, in principle, a tunable parameter in our method, we did not need to deviate in this work from the chosen 2.8 Å, even to model nucleoprotein. 2.8 Å was chosen because previous work suggests this value identifies pockets that can accommodate a drug-sized molecule. 22 Jug 42 was used to organize the parallel execution of solvent accessibility calculations.
Using solvent accessibilities for each atom, we classify each sidechain as exposed or buried using a fixed threshold. We chose a fixed threshold rather than a continuous threshold to reduce the number of parameters (a sigmoid, for example, would require a step width and a step midpoint) and because previous work suggested that mutual information performs better when a smaller number of bins are used 26 Our fixed threshold in this paper was 2.0 Å 2 , but choices in the range 2.0-5.0 Å 2 , as well as values formulated as a fraction of maximum possible sidechain exposure in the 1-3% range, gave similar results. This invariance ensures that our algorithm does not erroneously favor larger residues due to their larger maximum possible SASA. The end result is a featurization of the original trajectory, wherein each snapshot is represented by a binary vector with one entry per residue that contains a one for exposed residues and a zero for buried residues.
We then calculate the mutual information between each pair of residues. Mutual information (MI) is a measure of the statistical interdependence of two random variables. It is given by the equation,
where and are any pair of residues and and represent the solvent accessibility states (i.e. buried, exposed) of the corresponding residue. The probabilities ( ) and ( ) represent the probability that residues are observed in state and ( , ) is the joint probability of and .
Exposons are then the cluster assignments computed by affinity propagation. 27 We use the affinity propagation implemented in scikit-learn 0.19.0 43 with damping 0.75 and zero initial affinities. Affinity propagation is robust to the choice of damping parameter, giving similar values for much of the range of valid choices ( Fig S8) .
Markov state models and in silico labeling
We define MSM microstates by clustering the sidechain SASA featurized representation. We find using this featurized space rather than a geometrical criterion like RMSD to do our state space discretization better captures the behaviors we are interested in. We discover microstates using the hybrid k-centers/k-medoids algorithm 44, 45 with a Euclidean distance metric and fit transition probabilities with the (1) transpose method. The lag time and clustering stopping condition of 2.6 nm 2 and 4 ns (TEM-1), and 3.0 nm 2 and 0.6 ns (CTX-M-9) were chosen by the implied timescales test (Fig. S9 ). Ten rounds of k-medoids updates were used.
We predict time-dependent labeling behavior using the MSM we fit as described above. Synthetic labeling experiments are performed first by identifying all states in which the residue of interest is exposed, and converting them to sink states by zeroing out the rows in the transition probability matrix. Then, iteratively multiplying the equilibrium probability distribution by this new matrix gives a monotonically decaying fraction of 'unlabeled' probability density as density flows into the sink states and 'disappears.' Finally, we fit the unlabeled fraction as a function of time to a single exponential to yield a rate. In the limit of a perfectly good fit, this rate is equivalent to a mean first passage time. 35, 36 An implementation of this simple procedure is provided in a Jupyter notebook (see 'Code Availability'). We used SciPy 46 version 0.19.1 for curve fitting.
Protein expression and purification
TEM-1 was purified from the periplasmic fraction of BL21(DE3) cells (Agilent Technologies) using both cation exchange and size exclusion chromatography. The full protocol is described in previous work. 32 CTX-M-9 was purified from the insoluble cytoplasmic fraction. We subcloned the gene into the multiple cloning site of pET9-a vector. Plasmids were transformed into BL21(DE3) Gold cells (Agilent Technologies) for expression under T7 promoter control. Cells were induced with 1mM IPTG at OD=0.6 and grown for 5 hours at 37°C. The cells were then centrifuged and the pellet was frozen.
CTX-M-9 cells were resuspended in 20 mM sodium acetate, pH 5.5 and sonicated. After centrifugation, the pellet was unfolded in 9 M urea 20 mM sodium acetate, pH 5.5 and centrifuged. CTX-M-9 was then refolded in 20 mM sodium acetate, pH 5.5 and purified and stored similarly to TEM-1.
Thiol labeling
Our previous work with thiol labeling was performed on a standard UV-Vis spectrophotometer, 22 but in this work we used a stopped-flow instrument that gives access to faster timescale motions and improves the quality of fits because it offers a short, consistent, and known dead time. It also allows for the use of lower DTNB and protein concentrations.
We observe the change in absorbance over time of DTNB (Ellman's reagent), a small molecule that covalently binds free cysteines. We used a SX20 stopped-flow instrument (Applied Photophysics) with a dead time of 1.5 ms. Measurements were taken over time in 20 mM Tris, pH 8 1% DMSO at an absorbance of 412 nm (ε412 = 14,150 M -1 cm -1 ) and fit by a single exponential ( Fig S10) .
The labeling rate at a given DTNB concentration can be fit with a Linderstrøm-Lang model, originally derived for hydrogen exchange 47 The three regimes differ in terms of the controls required to demonstrate that the rates of labeling are not reporting on global unfolding. In the EX1 regime, the observed labeling rate for a pocket must be faster than the rate of global unfolding. Neither of the pockets we test in this paper were in this regime, but we have previously observed pockets that showed this behavior. 22 In the EX2 regime, the equilibrium constant for a pocket must be greater than that for the unfolded state (Equation 5). To determine these quantities for TEM-1 S243C, we measured the of unfolding (Table S2 ) and the intrinsic rate of labeling. To determine the intrinsic rate of labeling, our labeling assay was repeated with the addition of 6 M Urea (Fig. S11 ). In the EXX regime, the observed labeling rate for a pocket must be greater than the minimum of the expected labeling rates of the unfolded state in either the EX1 or EX2 regimes (derivation in SI). Thus, to test that CTX-M-9's labeling rate is not consistent with global unfolding alone, we measured both the rate of unfolding ( Fig S12) and its thermodynamic stability (Table  S3 ). We then combined that with the fit value of int (Fig 4c, Table S2 ) to produce a piecewise function that is an upper bound for labeling from the unfolded state (Fig 4c) . In this case, however, we found that the unfolding rate is the relevant control for all DTNB concentrations that we gathered data for-the population of unfolded enzyme is relevant only at DTNB concentrations less than about 170 nM, the DTNB concentration where cl = int .
Urea melts and unfolding
Equilibrium data and unfolding kinetics were acquired on a Chirascan circular dichroism spectrometer (Applied Photophysics) at a temperature of 25°C. Protein denaturation was observed by measuring the average ellipticity over 60 seconds at 222 nm as a function of urea concentration ( Fig S13, Table 3 ). Samples of 35 µg/ml protein were equilibrated in 50 mM potassium phosphate pH 7 and urea overnight prior to data collection.
To determine the global unfolding rate, we fit the log observed unfolding rates as a function of urea concentration at concentrations above the concentration at which it is half folded and half unfolded (the Cm, Table S3 ) and extrapolated back to 0 M urea ( Fig  S12) . Concentrations were between 4 and 5.5 M urea for M182T and between 1.8 and 2.8 M urea for CTX-M-9.
Activity measurements
Activity measurements were performed on both labeled and unlabeled protein. In order to measure the activities of the labeled proteins, 10 µM S243C and 5 µM CTX-M-9 were each incubated with excess DTNB for one hour, giving ample time for both proteins to fully label prior to the activity measurements. The proteins were then separated from excess DTNB using size exchange chromatography.
Enzyme activities against nitrocefin (Cayman Chemical Company) were monitored at 482 nm (ε482 = 15,000 M -1 cm -1 ) using a Cary 100 UV-vis spectrophotometer (Agilent Technologies). Reactions were measured in 50 mM potassium phosphate, 10% glycerol (v:v), 2% DMSO pH 7.0 at 25 °C using 2 nM enzyme. Initial velocities were plotted as a function of nitrocefin concentration and fit to a Michaelis-Menten model to extract k cat and K m values (Table S1 ).
Visualizations
Protein structures were visualized using PyMOL 1.6 48 . Graphs were embedded with the ForceAtlas 2 algorithm and visualized using Gephi. 49 
Code availability
Code is available on GitHub as gbowman/enspara. The analysis described in this manuscript is reproduced in miniature, complete with example parameter choices and visualization recommendations, in a Jupyter notebook in the enspara/examples directory.
